Abstract
Introduction

43
The photovoltaic (PV) market has grown rapidly in recent years worldwide, especially 44 in developed countries, where this growth has been exponential. One of the main reasons 45 for the high growth of the PV industry is the reduction of the cost of PV generation as well 46 as the improvement of the quality and performance of the electronics associated with these 47 generation systems. The monitoring and regular performance supervision on the 48 functioning of grid-connected PV systems is basic to ensure an optimal energy harvesting 49 and reliable power production at competitive costs. Detecting faults in PV systems can 
55
On the other hand, the integration of grid-connected PV systems also requires the 56 capability of managing the uncertainty related to the fluctuating energy output inherent to 57 these generation plants. For this purpose, it is very important to develop accurate 58 forecasting models in order to achieve an easy integration of PV generation plants into 59 traditional power distribution systems [7, 8] .
60
Simulation plays a crucial role in both outdoor behavior forecasting and automatic fault 61 detection of grid-connected PV systems. The precision of simulation results depends on the 62 models used for the main components of the PV system, especially the PV module models 63 [9, 10] . Moreover, the accuracy of the PV module models is strongly affected by the way of 64 extracting their unknown parameters. Several research works discussed the topic of PV
65
The first PV system is located in San Sebastián (Spain). The PV array is formed by 30 90 c-Si PV modules with a peak power of 4.8 kWp connected to a single phase inverter.
91
The other two PV systems are sited in Jaén (Spain). Each PV array is connected to single 92 phase inverter with AC nominal powers of 1.2kW. One of the PV arrays is formed of 15 a-
93
Si:H PV modules, rated 60-W peach, and the second PV array consists of 8 micromorph
94
PV modules, rated 110-Wp each. Main characteristics of the PV systems and PV modules 95 forming the arrays are given in Table 1 and Table 2 
135
The I-V characteristic of a solar cell is given by an implicit and nonlinear equation as where I o and n are the reverse saturation current and ideality factor of the diode respectively 140 and V t is the thermal voltage.
141
Eq. (1) can also be written as follows,
where I d and I sh are the currents across the diode and shunt resistance respectively.
145
The photogenerated current can be evaluated for any arbitrary value of irradiance, G,
146
and cell temperature, T c , by using the following equation: Then, the output current of the PV module, I M , is obtained rewriting Eq. (2) as follows:
The diode current, I dM , included in Eq (9) is given by: 
212
(J/K) and β Vmp (V/°C) is the temperature coefficient for module Vmp at STC.
213
The models contain several coefficients and parameters that must be calculated because
214
are not routinely provided by the PV module's manufacturer. For this purpose, we used the 215 parameter extraction technique described in the following section.
Parameter extraction techniques
219
The parameter extraction techniques employed in this study are based on five 220 optimization algorithms that evaluate the model parameters of the two PV array models in 221 real conditions of work, using as inputs daily profiles of solar irradiance and cell 222 temperature together with monitored DC output current and voltage.
223
For the five-parameter model of the PV module, the model parameters:
and R sh are evaluated by using Eqs. (3) - (13) and actual daily profiles of monitored current 225 and voltage at the DC output of the three PV arrays included in the study, together with 226 actual daily profiles of G and T c at the specific locations detailed in section 2.
227
Regarding the SAPM, the same idea is considered for the estimation of the empirical 228 coefficients of the model parameters: C 0 , C 1 , C 2 , C 3 , n, α Imp and β Vmp using Eqs. (15) - (18).
229
The objective function for optimization using metaheuristic algorithms is defined as randomly from the set {1, 2, …,NP}\{i} to generate a donor vector by:
where F is a differential weight, known as scaling parameter, usually ranges in the interval
The crossover operation is used to decide whether to exchange with donor vector. By where CR is a crossover probability in the interval [0, 1]. The crossover scheme 297 formulated by Eq. (22) used in the present work is called binomial strategy.
298
The selection operation, selects the best one from the parent vector xi t , and the trial 299 vector t+1 solution with the minimum objective value, using the following expression: 
310
PSO search possible solution in a search space by adjusting the trajectories of particles.
311
The best position encountered of the particle i is designed by pbest i . In a swarm of particles,
312
there are N local best positions, and the best solution is denoted by gbest.
313
The velocities and positions of particles, as well as the algorithm parameters (inertia 314 weight w and learning parameters α, β) are firstly initialized. In an iteration t, the fitness of 315 particles is evaluated individually by the objective function. By attracted toward pbest i and 316 gbest, the particle moves according to the following expression:
where v i t+1 is the velocity, expressed as: promoted by employed and onlooker bees while the exploration is performed by scout bees.
339
The implementation of the ABC algorithm in MATLAB is carried out by following the 
Results
343
The results of simulation of grid-connected PV systems in real conditions of work were 344 obtained under different weather conditions: clear sky, semi-cloudy, and cloudy weather.
345
The two PV array models described above were used for forecasting the output power of 346 the three different PV systems using the extracted parameters delivered by the five 347 algorithms.
348
The adjustable parameters chosen for the GA, DE, PSO and ABC algorithms and the 349 lower and upper boundaries selected for each parameter are summarized in Table 3 Moreover, the parameter extraction methods were applied for each sample day 361 separately, in order to get the optimal set of parameters of the two PV models that allows 362 reproducing the real behavior of the PV systems with best accuracy. As the extracted Table. 6 Average values of main parameters obtained from the parameter extraction 372 algorithms for the SAPM.
374
In order to present the best variety of results, and see the performance of the two 375 models using real conditions of solar irradiance and cell temperature, it was chosen to 376 display the DC output current evolution over the course of a clear sky day for PV system 1, 377 a semi-cloudy day for PV system 2 and a cloudy day for PV system 3. parameters estimated by the five optimization algorithms considered in this study.
412
As it can be seen in the figures, a good agreement is always found between the 413 measured data and the SAPM simulation curves, while the curves obtained with the 5PM are in an open circuit configuration, and the resulting values are misleading.
431
The DC output power of the PV array is obtained as a product of current and voltage in 432 both real and simulated results. Table 8 . Calculated RMSE (%) and NMAE (%) for the 5PM. 
446
The maximum values of RMSE and NMAE obtained for the output power using the 447 SAPM model were 6.02 % and 2.40 % respectively. These values were provided by 448 simulations based on LMA of the PV system 1 with c-Si PV modules in a cloudy day.
449
Nevertheless, for the PV systems 2 and 3 based on different PV module technologies, the 450 RMSE and NMAE errors obtained for DC output power were below 4 % and 1.86 %.
451
On the other hand, in the simulations based on the 5PM the maximum values of RMSE
452
and NMAE obtained regarding the DC output power were increased up to 13.55 % and and 4.12 % respectively.
466
The best accuracy of simulations using the SAPM was obtained by using the ABC 467 algorithm for the estimation of the unknown parameters. The greatest RMSE and NMAE 468 values obtained regarding the DC power of the PV system 1 were 5.78 % and 2.26 %.
469
Otherwise for PV system 2 the errors values don't exceed 3.13 % and 1.61 %, and for PV 470 system 3 the best accuracy is achieved, whatever the weather condition, the RMSE and
471
NMAE are below 1.43 % and 1.02 % respectively.
472
On the other hand, for the 5PM, the best forecasting of the DC output power of the PV 473 systems is also obtained from simulations using the estimated parameters provided by the 
